Abstract Several in vitro methods have been tested for their ability to predict drug penetration across the blood-brain barrier (BBB) into the central nervous system (CNS). In this article, the performance of a variety of micellar liquid chromatographic (MLC) methods and immobilized artificial membrane (IAM) liquid chromatographic approaches were compared for a set of 45 solutes. MLC measurements were performed on a C 18 column with sodium dodecyl sulfate (SDS), polyoxyethylene (23) lauryl ether (Brij35), or sodium deoxycholate (SDC) as surfactant in the micellar mobile phase. IAM liquid chromatography measurements were performed with Dulbecco's phosphate-buffered saline (DPBS) and methanol as organic modifier in the mobile phase. The corresponding retention and computed descriptor data for each solute were used for construction of models to predict transport across the blood-brain barrier (log BB). All data were correlated with experimental log BB values and the relative performance of the models was studied. SDS-based models proved most suitable for prediction of log BB values, followed closely by a simplified IAM method, in which it could be observed that extrapolation of retention data to 0 % modifier in the mobile phase was unnecessary.
Introduction
An essential prerequisite for a pharmaceutical compound designed to affect the central nervous system (CNS) is satisfactory transport through the blood-brain barrier (BBB) [1] . This obstacle, which is formed by the brain capillary endothelial cells and is present in all vertebrate animals, restricts the diffusion of both small molecules and larger objects (for example bacteria) into the cerebrospinal fluid (CSF). The neuroprotective nature of the barrier inherently hinders the delivery of therapeutic or diagnostic agents to the CNS. Nevertheless, several transport mechanisms are available to enable crossing of this membrane including passive permeation (diffusion) through the lipid bilayer, passive transport through membrane channels or pores, active transport, facilitated transport (carrier-mediated transport), and phagocytosis [2] . Most currently used active drug substances cross cells by passive permeation. In this process, a substance dissolved in the membrane lipid bilayer permeates the membrane and enters the cytoplasm of the cell. To establish an adequate concentration gradient for passive permeation, the substance must not only be soluble in lipids but must also be sufficiently soluble in water, because of the aqueous nature of the extracellular and intracellular spaces. Therefore, lipid-water partitioning is an important factor governing a substance's ability to diffuse through cell membranes [2] . A common measure of the extent of BBB permeation is the ratio of the steady-state concentration of the drug molecule in the brain to the concentration in the blood, usually expressed as log (C brain /C blood ) or log BB [3] . Measurement of BBB permeation is typically based on intravenous administration of a radiolabeled compound to anesthetized rats followed by exsanguination when radioactivity in the blood reaches a plateau. The brain is removed and the concentration of the corresponding drug is measured by use of a scintillation counter. Measurement is time-consuming, expensive, and difficult, but it is currently still essential because in vivo animal experiments enable the best prediction of log BB values [4] .
In the last decade, emphasis has been set on modeling of BBB permeation, to avoid use of this technique. Both in silico and in vitro models have been proposed for this [5] [6] [7] . Because no industry standard for this type of modeling has yet been established, the suitability of the different models must still be clarified. Contrary to in silico models, whereby no experiments are performed, in in vitro chromatographic models, the lipid environment of the barrier is mimicked by dynamically or covalently immobilizing lipids on a column. The affinity of the solutes for the immobilized phase is then combined with physicochemical data or molecular descriptors for optimum model construction.
Micellar liquid chromatography (MLC) is a mode of reversed-phase liquid chromatography (RPLC) which uses a surfactant solution above the critical micellar concentration (CMC) as mobile phase [8] . Neutral polyoxyethylene (23) lauryl ether (Brij35) is the most widely used surfactant for BBB permeation modeling, but anionic sodium dodecyl sulfate (SDS) and cationic cetyltrimethylammonium bromide (CTAB) have also been used [9] . Above the CMC, an increase in surfactant concentration results in an increase in the concentration of micelles in the solution, whereas the number of monomers of surfactant in the mobile phase remains constant. Adsorption of an approximately fixed amount of surfactant monomers by the stationary phase also occurs, giving rise to a stable modified column and regular retention behavior. MLC is a fascinating example of the benefits of secondary equilibrium in RPLC. The primary equilibrium is solute partitioning between bulk solvent and the stationary phase. A secondary equilibrium is established with the micelles in the mobile phase. Both equilibria are affected by a variety of factors, for example the nature and concentration of the surfactant and additives (e.g. salts), temperature, ionic strength, and pH. This added complexity of MLC compared with conventional RPLC [10] also enables improved mimicking of the BBB environment.
In contrast with MLC, immobilized artificial membranes (IAMs) mimic the lipid environment of a cell membrane by anchoring synthetic phospholipid analogues at monolayer density to silica particles, which are subsequently used as high-performance liquid chromatography (HPLC) column packing material [11] [12] [13] [14] . This type of column is particularly interesting for prediction of drug partitioning into biological membranes, because it avoids the use of micellar solutions, enabling more conventional gradient HPLC operation and MS detection with volatile buffers. The MLC eluents used in this work contained no organic solvent, although the solutes had a broad hydrophobicity range. This cannot be achieved with bonded lipid phases, for which addition of an organic modifier is required for solute elution. According to Taillardat-Bertschinger et al. [13] , extrapolation to 100 % aqueous phase is required to enable comparison of capacity factors, irrespective of the amount and type of organic co-solvent and to avoid the use of fictitious interaction scales because of the differences in the order of elution which occur at different percentages of co-solvent.
To enable comparison of chromatographic IAM and MLC methods, model quality achievable with input from different experimental setups was compared in this work, in which 45 pharmaceutical drugs with known log BB values were used. The drugs were analyzed by MLC with SDS, Brij35, and sodium deoxycholate (SDC) as surfactants, and on a PC.DD2 phosphatidylcholine IAM column. The corresponding models were constructed by use of partial least-squares regression (PLS).
Materials and methods

Chemicals
MLC and IAM experiments were performed on Grace GraceSmart C 18 (3 μm, 150 mm×2.1 mm; Deerfield, IL, USA) and Regis IAM.PC.DD2 (10 μm, 150 mm×4.6 mm; Morton Grove, IL, USA) columns, respectively. The solutes were obtained from several sources: 2,2,2-trifluoroethyl vinyl ether, 2,6-diisopropylphenol, acetaminophen, acetylsalicylic acid, aminopyrine, amitriptyline, amobarbital, antipyrine, atenolol, caffeine, carbamazepine, chlorambucil, cimetidine, clonidine, cotinine, desipramine, domperidone, eserine, ethylbenzene, fluphenazine, hexobarbital, hydroxyzine, ibuprofen, imipramine, mianserin, N-methyl-2-pyridineethanamine, omeprazole, oxazepam, pentobarbital, phenylbutazone, phenytoin, propranolol, pyrilamine, quinidine, ranitidine, ropinirole, salicylic acid, theobromine, theophylline, toluene, valproic acid, verapamil and zidovudine (Sigma-Aldrich, St Louis, MO, USA or Steinheim, Germany); indomethacin (Fluka, St Louis, MO, USA), and benzene (Acros, Geel, Belgium).
Apparatus
MLC and IAM retention analysis was performed on an Alliance, Waters 2690 chromatograph (Milford, MA, USA) with a quaternary pump and an automatic injector. A Waters 2487 dual-wavelength absorbance detector was used. The detection wavelength was set between 210 nm and 300 nm, depending on the compound analyzed (the exact wavelengths are presented in Table 1 ). Data acquisition and processing were performed with a PeakSimple disodium hydrogen phosphate (Sigma-Aldrich). The pH of the mobile phase, which was altered by addition of methanol, was adjusted to 7.4 by use of phosphoric acid (Sigma-Aldrich). Before use, all mobile phases were vacuum-filtered through 0.20 μm nylon membranes (Grace, Lokeren, Belgium). Stock solutions of all drugs were prepared by dissolving 10 mg in 1 mL methanol except for quinidine and theobromine, for which stock concentrations of 1 mg mL −1 and 200 μg mL −1 were used, caffeine and theophylline, which were dissolved in water (10 mg mL −1 ), and domperidone, which was dissolved in dimethyl sulfoxide (10 mg mL −1 ).
Stock solutions were stored at 5°C, except for atenolol and zidovudine, which were stored at −20°C. Working solutions were prepared by dilution of the stock solutions (to 50 μg mL −1 ) with mobile phase.
Data sources, software, and processing A total of 45 values of the logarithm of brain-blood distribution coefficients (log BB) were collected [1, 15, 16] . The experimental values of log BB (Table 1 ) ranged between −1.70 and 1.51. Values of acidity constants (not shown in Table 1 ) were obtained from Refs. [17, 18] or were calculated. The acidity constants were used to calculate the total molar charge (α) values at pH 7.4. Structural data (molar refractivity (MR), molar volume (MV), parachor (Pr), and polarizability) were α: total molar charge at pH 7.4; MW: molecular weight; MR: molar refractivity; MV: molar volume; Pr: parachor; log P: logarithm of the partition coefficient in an n-octanol/water system of the neutral form of the compound; log D7.4: distribution coefficient of the compound in an n-octanol/water system at pH 7.4; log WSo: intrinsic aqueous solubility; WS7.4: aqueous solubility at pH 7. 
Rationale
The accuracy of prediction of a model depends on the type of model selected, the relevance, diversity, and orthogonality (independence) of the input variables used therein and on the shortlist of those which have been retained after model optimization, the size of the training set, and the similarity of the test molecules to those in the training set. Next to in silico strategies, applying only mathematically processed descriptors [1, 4, 6, 19] , the approach whereby chromatographic retention data are used as additional input in these models is labeled by the terminology quantitative retention-activity relationships (QRAR) or quantitative structure-retention relationships (QSRR). The latter have been well reviewed by Héberger [20] . This type of multivariate problem is typically solved by the multivariate calibration family of algorithms, for example multiple linear regression (MLR), principle-component regression (PCR), and partial least-squares (PLS) methodology. There are also reports on the application of artificial neural networks (ANN) in combination with pure in silico strategies [2, 19] . The implementation of ANN strategy is nevertheless more sophisticated and the optimized mathematical model cannot be expressed with explicit functions or equations.
Within the multivariate calibration family of algorithms, both MLR and PLS models have thus far been proposed for prediction of drug absorption whereby mathematically generated descriptors are combined with retention data [2, 17, 21] . MLR achieves maximum correlation between the variable matrix X and the log BB vector y. However, the performance of MLR is significantly affected by the variables selected, especially as there is strong correlation among these variables. PCR is one means of dealing with ill-conditioned problems by capturing the maximum variance in X. A weak point of PCR is that it does not make use of the information in y, with the result that some PCs are not relevant for prediction but only relevant for describing variance in X. To overcome these problems, PLS tries to do both by maximizing the covariance between X and y [22] . Instead of finding hyperplanes of minimum variance between y and X, PLS finds a linear regression model by projecting y and X to a new space, where the projected original variables are transformed as latent variables in nomenclature. PLS regression is particularly suitable for problems when the number of samples is fewer than the number of independent variables and where there is probably large correlation among X values. All the above-mentioned methods from the multivariate calibration family can provide an equation of the type y=b 0 +b 1 x 1 +b 2 x 2 +…+b n x n , where y is the predicted (log BB) value, b 0 -b n are constants and x 1 -x n are variables (descriptors). Obtaining a suitable equation of this type is important for this type of work.
As the accuracy of the response (in this case log BB) of the model depends on both the choice and relevance of the descriptors used, use of solute retention data in the model is particularly attractive, because they represent the affinity of a compound in a column environment emulating the bloodbrain barrier. Such chromatographic strategies are compared and evaluated in this work. The following mathematically processed descriptors were used, by analogy with a previous MLC study [17] : total molar charge (α), molecular weight (MW), molar refractivity (MR), molar volume (MV), parachor (Pr), polarizability, and the logarithm of the octanol-water partition coefficient (log P). This set was expanded by inclusion of the logarithm of the octanol-water distribution coefficient at pH 7.4 (log D7.4), intrinsic aqueous solubility (log WSo), solubility profile at pH 7.4 (WS7.4), plasma protein binding (PB), Ames test mutagenic index (MI and MIA), and human intestinal absorption (HIA). The α values, which can be positive of negative, were calculated as in Ref. [23] .
All descriptors are listed in Table 1 . In this work, PLS models were constructed by use of retention data for 45 solutes for which experimental log BB data are available together with the set of molecular descriptors mentioned above. The merits of each model were then compared.
Results and discussion
The set of previously used SDS and Brij35 type of micelles in MLC for log BB prediction was expanded by addition of micelles of sodium deoxycholate (SDC), a natural bile acid which possibly better emulates lipids in the blood-brain barrier. Because one of the functions of bile acids is the processing of fat by the formation of micelles, and because they are essentially UV transparent, they were directly applicable as an MLC surfactant in this study. Because of deoxycholate precipitation in the phosphate-buffered solution, the phosphate buffer was replaced by a borate buffer. The retention factors measured with the three MLC conditions are given in Table 2 . It is apparent that some solutes could not be detected if Brij35 and, especially, SDC buffer, were used. This could be related to increased background absorbance of the SDC buffer combined with loss of sensitivity at high retention (except for valproic acid). Note that although MLC is a powerful technique in terms of selectivity optimization and for complete elution under aqueous conditions, it is inherently hindered by peak-broadening phenomena because of the thick layer of surfactant that covers the stationary phase [24] and therefore rarely allows one to achieve theoretical plate heights within reasonable analysis times, with reduced S/N ratios and sensitivity as a consequence. The logarithms of the retention factors measured by use of DPBS containing 40, 30, or 20 % methanol as mobile phase with an IAM.PC.DD2 column are listed in Table 3 . Some solutes were excessively retained when 20 % methanol was used and were, therefore, no longer detected under those conditions. As an example, the chromatograms obtained for ethylbenzene are shown in Fig. 1 disadvantages of the SDC buffer, namely increased background absorbance and loss of sensitivity, are notable (Fig. 1b) . The retention data in Table 3 were also extrapolated to 100 % aqueous phases. The rationale was that this enables comparison irrespective of the amount of organic co-solvent and avoids fictitious interaction scales because of differences in the order of elution which occur for different percentages of co-solvent.
Prediction of log BB
Partial least-squares (PLS) regression was subsequently performed in Matlab to determine the correlation coefficients (R) between experimental log BB values (Table 1) and log BB values predicted by use of log k values together with the other descriptors mentioned in Table 1 . The correlation coefficients in Table 4 enable comparison of the merits of the different models. The lowest correlation coefficient was obtained when Brij35 was used as surfactant. The highest correlation coefficient (R = 0.9159) was obtained with SDC as surfactant, but this micellar mobile phase enabled measurement for 36 out of the 45 compounds only. This demonstrates the potential of SDC-type micelles but, because the final objective in this type of research is accurate prediction of the log BB value for any drug, not only for those drugs that are easy to measure, those conditions which enabled measurement for all 45 compounds were considered most interesting. Measurement for all 45 compounds was possible by use of SDS as surfactant on a C 18 column or by use of the IAM.PC.DD2 column with DPBS buffer containing 30 or 40 % methanol. When using the IAM column, the correlation between experimental and predicted log BB values was somewhat higher when the mobile phase contained 30 % methanol (R=0.8737) in comparison with 40 % methanol (R=0.8707). Use of PLS models built on extrapolation to 100 % aqueous somewhat improved the accuracy of prediction (R=0.8744). These data therefore illustrate there is little benefit in retention factor extrapolation to 100 % aqueous mobile phase, which is a time-consuming procedure. Direct use of the 30 % or 40 % MeOH data enables construction of a suitable model when working with the IAM.PC.DD2 column. The highest applicable correlation measured was observed when using SDS as surfactant (R=0.8866). The correlation between predicted and experimental log BB values with SDS as surfactant for the 45 solutes is shown in Fig. 2a . With the exception of a few outliers, the predicted log BB values for most compounds appear satisfactorily close to the experimentally determined values. The correlation improved even further when the results of MLC with SDS were combined with the IAM results obtained by use of 30 % or 40 % MeOH. This is logical, because the more variables available to work with, the better the PLS correlation that can be obtained.
Overfitting is an inevitable problem when the performance of multivariate calibration models is evaluated. An overfitted model usually has much a better regression performance on the training data set than on the test data set or the validation data set. To avoid overfitted models, crossvalidation methods are often used to detect the robustness of models. These methods include k-fold CV, twofold CV, random sub-sampling validation, and leave-one-out crossvalidation (LOOCV).
In this study, LOOCV was applied to the dataset. Fortyfour 44 compounds were used as the training set and one compound as test sample. This procedure was repeated for each compound, enabling the construction of a new scatter plot; this is presented for SDS in Fig. 2b . The approach was repeated for each MLC and IAM method; the corresponding correlation coefficients are listed in Table 4 .
A relative large decrease of 0.2407, on average, in regression coefficients R is observed for all models when they are assessed in that way. In other words, the equations constructed for log BB prediction when the solutes are included, fit the training set in a much better way than is the case when they are not included, which is typically regarded as indicative of overfitting. There are at least two major sources of overfitting. The first is related to use of a model which is too complex and has inferred too much (e.g. too many variables or other data) from the available training samples. Variable selection is one solutions used to solve this problem-unrelated variables are removed from the training data set, making the model more generalized for Table 4 Correlation coefficients between predicted and experimentally determined log BB values when using normal partial least-squares regression (PLS) or using leave-one-out cross-validation (LOOCV) both training and test data sets. The second source is related to undersampling of the underlying distribution. In other words, the samples presented do not cover the major range of the underlying native distribution of samples. In this case, there is little that can be done unless more representative data or samples can be added to the model. Therefore, variable selection was performed by systematic removal and/or reinsertion of all descriptors from the models while monitoring the effect on the LOOCV regression coefficients. This process was iteratively improved until maximum correlation was obtained for the LOOCV results. The maximum correlation was obtained when eight of the 15 descriptors, i.e. MW, MR, MV, Pr, log P, log D7.4, MI, and MIA, were removed from the model. The correlation coefficients for the simplified models are listed in Table 5 . Further descriptor removal led to a decrease in Table 5 Correlation coefficients between predicted and experimentally determined log BB values when using normal partial least-squares regression (PLS) or using leave-one-out cross-validation (LOOCV) after elimination of eight variables (MW, MR, MV, Pr, log P, log D7.4, MI and MIA) from the model Table 1 regression coefficients. For instance, when the log k descriptor was removed, regression coefficients for Brij35, SDC, and IAM with 20 % MeOH dropped to 0.6066, 0.6011, and 0.6494, respectively; for all other models (in which all 45 compounds were detected) the correlation coefficient dropped to 0.6378. This huge drop in regression coefficient illustrates why in vitro measurement of log k has a positive effect on experimental log BB prediction. On study of Tables 4 and 5 , two important differences can be noticed. On the one hand, the correlation coefficient of the PLS regression has dropped for each type of analysis. This is logical, because the PLS regression tries to fit the data as well as possible to an equation. The more variables available to work with, the better the correlations that can be obtained, though this is mainly overfitting. On the other hand, the correlation coefficient after the leave-one-out cross-validation has significantly increased, demonstrating that the predictive capabilities of the different models have, indeed, been improved by applying this strategy.
As a result, the average difference between the PLS and LOOCV R values has dropped to 0.0928 in Table 5 . Compared with the average value of 0.2407 in Table 4 , this indicates that the model after variable selection is more generalized across the data sets and, therefore, enables more robust prediction. For analysis with IAM liquid chromatography (with 30 % or 40 % MeOH), the correlation increased from ±0.62 to ±0.76. A consequence is that the improved IAM model is now performing almost as well as the SDSbased model, illustrating that both approaches are commendable and applicable.
Note that the correlation coefficients for the other types of analysis (Brij35, SDC, and IAM with 20 and 0 % MeOH) are also substantially improved by applying this strategy. The correlation coefficient after leave-one-out cross- validation for 0 % MeOH IAM was even higher than for 30 % MeOH IAM. The values for 0 % MeOH were, however, obtained by extrapolation of the values for IAM with 20, 30, and 40 % MeOH, which means many measurements had to be taken to obtain a relatively small increase in the correlation coefficient. This is why emphasis in this work was set on the methods enabling straightforward detection of all 45 solutes (i.e. SDS MLC and 30 and 40 % MeOH IAM). In Fig. 2c, d , the SDS-based correlations between predicted and experimental log BB values are presented as scatter plots for the optimized models. Comparison of The coefficients of the equations obtained from PLS regressions that lead to the R values listed in Table 5 , are listed in Table 6 . The general equation for Table 6 is: predicted log BB=a+b×α+c×Polarizability+d×log WSo+e×WS7.4+ f×PB+g×HIA+h×log k 1 (+ i×log k 2 ).
As is apparent from Fig. 3 , there are, inherently, various differences between MLC and IAM retention mechanisms. Both approaches emulate the blood-brain barrier in an interesting but different way. When a C 18 column is used with a surfactant solution above the critical micellar concentration, retention of a compound depends both on its interactions with the modified reversed stationary phase and with the micelles present in the mobile phase (Fig. 3a) . In addition, dynamic adsorption of a time-averaged fixed amount of surfactant monomers on the stationary phase also occurs, in this way giving rise to a stable modified column and regular retention behavior [10] . By contrast, when the IAM.PC.DD2 column is used, no micelles are present in the mobile phase, which means that interactions of compounds can only occur with the stationary phase (Fig. 3b) . On the IAM.PC.DD2 column, phosphatidylcholine is covalently bonded to aminopropyl silica and endcapped with C 10 and C 3 amides [11] .
Because interactions on the C 18 column and the IAM column are different, the corresponding solute retention factors also seem to be significantly different (Tables 2 and 3) . Because of the acceptable models which could be constructed by use of the individual MLC and IAM data, it was interesting to construct a model based on both datasets. Therefore, two extra PLS regressions were performed in which the log k values obtained by IAM liquid chromatography (with 40 and 30 % methanol) were added to the dataset obtained from MLC analysis with SDS.
It seemed that the corresponding correlation coefficients increased from 0.8564 (SDS, Table 5 ) to 0.8825 (SDS+ 40 % MeOH) and 0.8848 (SDS+30 % MeOH), respectively, demonstrating the interesting potential of combining chromatographic data from orthogonal approaches for experimental data prediction. This was, however, not confirmed by leave-one-out cross-validation, in which correlation coefficients of these combinations decreased from 0.7993 (SDS, Table 5 ) to 0.7916 and 0.7982, respectively. An obvious extra practical drawback of this strategy is that the combined approach increases the number of measurements required.
Conclusion
In this study, several in vitro methods for predicting the logarithm of blood-brain distribution coefficient (log BB) values were compared. MLC was performed on a C 18 column with Brij35, SDC, and SDS as surfactants. IAM liquid chromatography was performed with methanol as organic modifier. SDS as a surfactant resulted in the best correlation coefficient between experimental and predicted log BB values (R=0.7993), followed closely by IAM measurements using 30 % methanol (R=0.7724). Combination of results from use of immobilized artificial membrane LC phases and micellar LC did not improve the accuracy of log BB prediction.
